A feature extraction method using multi-frequency bands is proposed for face recognition, named as the Multi-band Gradient Component Pattern (MGCP). The MGCP captures discriminative information from Gabor filter responses in virtue of an orthogonal gradient component analysis method, which is especially designed to encode energy variations of Gabor magnitude. Different from some well-known Gabor-based feature extraction methods, MGCP extracts geometry features from Gabor magnitudes in the orthogonal gradient space in a novel way. It is shown that such features encapsulate more discriminative information. The proposed method is evaluated by performing face recognition experiments on the FERET and FRGC ver 2.0 databases and compared with several state-of-the-art approaches. Experimental results demonstrate that MGCP achieves the highest recognition rate among all the compared methods, including some well-known Gabor-based methods.
Introduction
Face recognition receives much attention from both research and commercial communities, but it remains challenging in real applications. The main task of face recognition is to represent object appropriately for identification. A well designed representation method should extract discriminative information effectively and improve recognition performance. This depends on deep understanding of the object and recognition task itself. Especially, there are two problems involved: (i) what representation is desirable for pattern recognition; (ii) how to represent the information contained in both neighborhood and global structure. In the last decades, numerous face recognition methods and their improvements have been proposed. These methods can be generally divided into two categories: holistic matching methods and local matching methods. Some representative methods are Eigenfaces [1] , Fisherfaces [2] , Independent Component Analysis [3] , Bayesian [4] , Local Binary Pattern (LBP) [5, 6] , Gabor features [7, 12, 13] , gradient magnitude and orientation maps [8] , Elastic Bunch Graph Matching [9] and so on. All these methods exploit the idea to obtain features using an operator and build up a global representation or local neighborhood representation.
Recently, some Gabor-based methods that belong to local matching methods have been proposed, such as the local Gabor binary pattern (LGBPHS) [10] , enhanced local Gabor binary pattern (ELGBP) [11] and the histogram of Gabor phase patterns (HGPP) [12] . LGBPHS and ELGBP explore information from Gabor magnitude, which is a commonly used part of the Gabor filter response, by applying local binary pattern to Gabor filter responses. Similarly, HGPP introduced LBP for further feature extraction from Gabor phase that was demonstrated to provide useful information. Although LBP is an efficient descriptor for image representation, it is good at capturing neighborhood relationships from original images in the spatial domain. To process multi-frequency bands responses using LBP would increase complexity and lose information.
Therefore, to improve the recognition performance and efficiency, we propose a new method to extract discriminative information especially from Gabor magnitude. Useful information would be extracted from Gabor filter responses in an elaborate way by making use of the characteristics of Gabor magnitude. In detail, based on Gabor function and gradient theory, we design a Gabor energy variation analysis method to extract discriminative information. This method encodes Gabor energy variations to represent images for face recognition. The gradient orientations are selected in a hierarchical fashion, which aims to improve the capability of capturing discriminative information from Gabor filter responses. The spatially enhanced representation is finally described as the combination of these histogram sequences at different scales and orientations. From experiments conducted on the FERET database and FRGC ver 2.0 database, our method is shown to be more powerful than many other methods, including some well-known Gabor-based methods.
The rest of this paper is organized as follows. In Section 2, the image representation method for face recognition is presented. Experiments and result analysis are reported in Section 3. Conclusions are drawn in Section 4.
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Multi-band Gradient Component Pattern (MGCP)
Gabor filters have been widely used in pattern recognition because of their multi-scale, multi-orientation, multi-frequency and processing capability. Most of the proposed Gabor-based methods take advantage of Gabor magnitude to represent face images. Although Gabor phase was demonstrated to be a good compensation to the magnitude, information should be exploited elaborately from the phase in order to avoid the sensitivity to local variations [11] . Considering that the Gabor magnitude part varies slowly with spatial position and contains enough discriminative information for classification, we extract features from this part of Gabor filter responses. In detail, features are obtained from Gabor responses using an energy variation analysis method. The gradient component is adopted here because: (i) gradient magnitudes contain intensity variation information; (ii) gradient orientations of neighborhood pixels contain rich directional information and are insensitive to illumination and pose variations [15] . In this way, features are described as histogram sequences explored from Gabor filter responses at each scale and orientation.
Multi-frequency Bands Feature Extraction Method using Gabor Filters
Gabor function is biologically inspired, since Gabor like receptive fields have been found in the visual cortex of primates [16] . It acts as low-level oriented edge and texture discriminator and is sensitive to different frequencies and scale information. These characteristics raise considerable interests for researchers to extensively exploit its properties. Gabor wavelets are biologically motivated convolution kernels in the shape of plane waves restricted by a Gaussian envelope function [17] . The general form of a 2D Gabor wavelet is defined as:
where u and v define the orientation and scale of Gabor kernels. σ is a parameter to control the scale of Gaussian.
is a 2D wave vector whose magnitude and angle determine the scale and orientation of Gabor kernel respectively.
In most cases, Gabor wavelets at five different scales v : { } 4 ,... 0 and eight
are used [18, 19, 20] . The Gabor wavelet transformation of an image is the convolution of the image with a family of Gabor kernels, as defined by:
where ( )
The operator * is the convolution operator.
is the convolution corresponding to Gabor kernels at different scales and orientations. The Gabor magnitude is defined as: 
Orthogonal Gradient Component Analysis
There has been some recent work makes use of gradient information in object representation [21, 22] . As Gabor magnitude part varies slowly with spatial position and embodies energy information, we explore Gabor gradient components for representation. Motivated by using the Three Orthogonal Planes to encode texture information [23] , we select orthogonal orientations (horizontal and vertical) here. This is mainly because Gabor gradient is defined based on Gaussian function, which is not declining at exponential speed as in Gabor wavelets. These two orientations are selected as: (i) the gradient of orthogonal orientations could encode more variations with less correlation; (ii) less time is needed to calculate two orientations than in some other Gabor-based methods, such as LGBPHS and ELGBP, which calculate eight neighbors to capture discriminative information from Gabor magnitude.
Given an image ( ) Considering Gabor magnitude provides useful information for face recognition, we propose MGCP to encode Gabor energy variations for face representation. However, a single histogram suffers from losing spatial structure information. Therefore, images are decomposed into non-overlapping sub-regions, from which local features are extracted. To capture both the global and local information, all these histograms are concatenated to an extended histogram for each scale and orientation. Examples of concatenated histograms are illustrated in Fig. 4 (c) when images are divided into non-overlapping ) of four face images for two subjects. The u and v are selected randomly. The capability of these discriminative patterns could be observed from histogram distances, listed in Table 1 . Subjects  S11  S12  S21  S22  S11  0  4640  5226  5536  S12  --0  4970  5266  S21  ----0  4708  S22 ------0 S11: 
Experiments
The proposed method is tested on the FERET database and FRGC ver 2.0 database [24, 25] . The classifier is the simplest classification scheme: nearest neighbour classifier in image space with Chi square statistics as the similarity measure.
Experiments on the FERET Database
To conduct experiments on the FERET database, we use the same Gallery and Probe sets as the standard FERET evaluation protocol. using eye coordinates provided. Then they are divided into 4 4 × non-overlapping sub-regions. To validate the superiority of our method, recognition rates of MGCP and some state-of-the-art methods are listed in Table 2 . [5] LGBP_Pha [11] LGBP_Pha _W [11] LGBP_Mag [10] LGBP_Mag_W [10] ELGBP (Mag + Pha) [ 
Experiments on the FRGC ver 2.0 Database
To further evaluate the performance of the proposed method, we conduct experiments on the FRGC version 2.0 database which is one of the most challenging databases [25] . The face images are normalized and cropped to the size of 120 120 × using eye coordinates provided. Some samples are shown in Fig. 5 . From experimental results listed in Table 3 , MGCP achieves the best performance, which demonstrates its basic abilities in face recognition. Table 4 exhibits results of MGCP and two well-known approaches: BEE Baseline and LBP. MGCP is also compared with some recently proposed methods and the results are listed in Table 5 . The database used in experiments for Gabor + FLDA, LGBP, E-GV-LBP, GV-LBP-TOP are reported to be a subset of FRGC 2.0, while the whole database is used in experiments for UCS and MGCP. It is observed from Table 4 and 5 that MGCP could overcome uncontrolled condition variations effectively and improve face recognition performance. Methods ROC 3, FVR at FAR = 0.1% (in %) BEE Baseline [25] 13.98 Gabor + FLDA [27] 48.84 LBP [27] 52.17 LGBP [27] 52.88 E-GV-LBP [27] 53.66 GV-LBP-TOP [27] 54.53 UCS [28] 69.92 MGCP 74.41
Conclusions
To extend traditional use of multi-band responses, the proposed feature extraction method encodes Gabor magnitude gradient component in an elaborate way, which is different from some previous Gabor-based methods that directly apply some proposed feature extraction methods on Gabor filter responses. Especially, the gradient orientations are organized in a hierarchical fashion. Experimental results show that orthogonal orientations could improve the capability to capture energy variations of Gabor responses. The spatial histograms of multi-frequency bands gradient component pattern at each scale and orientation are finally concatenated to represent face images, which could encode both the structure and local information. From experimental results conducted on the FERET and FRGC 2.0, it is observed that the proposed method is insensitive to many variations, such as illumination and pose. The experimental results also demonstrate its efficiency and validity in face recognition. support to this work. 
